I. INTRODUCTION
The concept of leaf area index (LAI) was first introduced by [1] and defined as the ratio of leaf area to a given unit of land area. The LAI is an important variable for analyzing the interactions between plants and atmosphere, for estimating the amount of radiation intercepted by vegetation and plant water requirements, for studying the relationships between plants and environmental pollutants, and for evaluating the photosynthetic activity (CO2 sequestration) [2] . It can be related to several crop properties such as number of plants, plant height, and biomass [3] . Consequently, it can help to optimize crop management [4] [5] [6] [7] . The LAI has also been shown to be useful in precision agriculture, which considers the within-field variability of soils and crops [8] [9] [10] . In the framework of precision agriculture, the LAI can be helpful for site-specific adaption of the application rates of N fertilizers, growth regulators, and fungicides [11, 12] .
There are two methods of measuring the LAI, direct and indirect. The direct measurements are all based on laboratory methods. They are consist of collection of the leaves and subsequent measurements of their area by using dedicated instruments (e.g., Li-3100 C; Li-Cor, Lincoln, NE, USA) or by acquiring and processing leaf images [13, 14] . The direct methods based on crop harvest provide precise LAI measurements but are destructive, labor and time consuming, and cover only limited areas. Therefore, different indirect methods have been developed, most of them based on the measurement of light transmission through canopies [13, 14] . These methods apply the Beer-Lambert law taking into account the fact that the total amount of radiation intercepted by a canopy layer depends on incident irradiance, canopy structure and optical properties [15] .
In recent years, various instruments have been developed to measure either gap fraction or gap size distribution in order to indirectly assess the LAI of plant canopies. Measuring gap fraction, some instruments permit calculating manually, some incorporate canopy image analysis techniques (Digital Plant Canopy Imager (CI-110), and Multiband Vegetation Imager (MVI)), while others such as the AccuPAR (Decagon, Pullman, WA, USA), the DEMON (CSIRO, Canberra, Australia), and the LAI-2000 or LAI-2200 Plant Canopy Analyzers (Li-Cor, Lincoln, NE, USA), calculate LAI by comparing differential light measurements above and below canopy.
To study the gap size distribution, the Tracing Radiation and Architecture of Canopies (TRAC) instrument (3rd Wave Engineering, Ontario, Canada) and hemispherical photography can be used. As demonstrated by different studies, these instruments are very efficient and reliable, where it concerns the measurement of LAI in forest environments [14] . The performance of the indirect instruments for quantifying the LAI of crops proved that they could be good alternatives to destructive methods. However, typical LAI meters have to be operated manually in a stop-andgo mode. Therefore, they are still time-consuming approaches and are not suitable for on-the-go measurements. Another disadvantage of these instruments is that they are expensive.
Considering the limitations of the typical LAI meters mentioned above, some efforts have been made to find alternative methods. Air-or space-borne and ground-based remote sensing have been used for LAI determination [16] [17] [18] [19] . Large areas can be covered quickly by images from satellites and aircrafts. However, air-or space-borne remote sensing is affected by weather conditions and may be unable to provide timely information to perform research and crop management tasks [20] . Moreover, the reflectance based indices are only suitable for estimating the LAI of the crop until canopy closure or until the crop has a LAI of 3 or more. With increasing the LAI, the indices become saturated [17] .
Some other approaches have also been employed to estimate the LAI, including, ultrasonic sensors [17] , a mechanical sensor (the CROP-Meter) [21] , digital photography [22] , mobile laser scanners [12, 23] , smartphone [2] .
To estimate crop parameters in precision agriculture, sensing approaches need to be robust and cost-efficient, and it must deliver data in real time. Real-time availability of LAI data is essential because crop protection and N fertilization are time-critical measures in agriculture [12] . In recent years, ground-based sensors have been developed to meet these requirements. Examples are Yara N-Sensor (Yara-GmbH & Co. KG, Germany), GreenSeeker (NTech Industries Inc., USA), MiniVeg N Lasersystem and Isaria (Fritzmeier Umwelttechnik GmbH & Co. KG, Germany), Crop-Circle (Holland Scientific, Inc., NE, USA), and Crop-Meter (agrocom, MullerElektronik, Germany) [24] . Digital image processing as a low cost approach has also showed a good potential to determine crop parameters [22, 25] . From such sensor systems not sufficient information are available for an objective comparative assessment in the case of LAI determination. Therefore, the objective of the current study was to compare performance of different crop sensors to assess the LAI of winter wheat. In addition, the potential of vegetation indices derived from digital image processing for this purpose was investigated. [b] BBCH: a scale used to identify the phonological development stages of the plant [26] . [c] WOY: week of the year. 
III. DATA COLLECTION AND PRE-PROCESSING
The dates, the plant growth stages and the activities in this research are presented in Table 1 provided the interface to a mobile computer on which a self-developed software was ran. One fiber optics was pointing to the ground while the other, pointing to the sky, collected global radiation. By this arrangement it is possible to compensate for fluctuations in illuminations conditions, e.g., due to clouds. At the beginning of each campaign the sensor was ran for at least 10 min (warm-up phase) before collecting spectra from a white reference plate. These spectra were then used for calculating the reflectance (R) as the ratio the light reflected from the ground (canopy and soil) the white reference. Measurements were repeated 10 times on each sub-plot.
Based on the full spectra form the visible and near-infrared proportion of the light, common vegetation indices used in commercial optical crop sensing systems were calculated [28] . These vegetation indices and the respective crop sensors are listed in Table 2 . (Table 1) . A setup was built to install the camera on it for keeping constant height for all the subplots and dates as well as capturing photo from the same area at each date.
Image processing for extraction of crop coverage and RGB-based vegetation indices from the digital images was performed using MATLAB software (Version 7.13, R2011b, Mathworks Company). The digital camera recorded visible images with red, green, and blue channels. Each channel is 8-bit (256 levels of intensity). Leaf reflectance is greater in the green than in the red parts of the spectrum [29] . Therefore, for segmentation of the green plant against background, a by a mask (M) (binary image) was derived from the difference between green (G) and the red (R)
band of each image together with the threshold t:
Crop coverage (CC) was defined as the proportion of plant pixels in an image:
where n and m are number of rows and columns of pixels.
Various RGB-based vegetation indices were obtained from plant part of the images defined by the mask M:
where R, G and B are the intensity levels of the red, green and blue channels, respectively. The values were then averaged for each image.
An estimated plant biomass index (EB) was calculated by multiplying the crop coverage (CC)
derived from the digital image analysis and the plant height (H) measured by the plate meter:
IV. STATISTICAL ANALYSES The data obtained from the measurements and the image processing were analyzed using analysis of variance (ANOVA) and the means were compared at 5% level of significance using the Tukey range test in SAS software (version 9.3, SAS Institute, Inc., Cary, N.C.). Regression and correlation analysis were done using MATLAB software (Version 7.13, R2011b, Mathworks Company).
V. RESULT AND DISCUSSION
Based on the statistical analysis results, there were strong significant differences among the N supply levels and between the irrigation regimes in the case of crop yield and final straw of the crop (P<0.01). For all three times of biomass sampling, the differences of N supply levels for fresh and dry biomasses and also plant N content were highly significant (P<0.01). However, the differences of irrigation regimes for the crop properties were mostly insignificant (P>0.05).
Analysis of variance (ANOVA) results showed that the effect of N supply on LAI was significant (P<0.01) for all the growth stages considered, while the effect of water supply was significant (P<0.05) for all the stages except the stage development of fruit (week 23 of the year).
The results confirm that the experimental design was working well and the results obtained from indirect measurements are presented below.
a. Relationships between LAI and destructive measurements of plant parameters
Spearman's rank correlation coefficients were calculated for relationships between the destructive measurements of plant parameters (fresh and dry biomasses, and plant N content) and the LAI.
The results are summarized in Table 3 . As seen, there were high correlations between the LAI and the parameters for all three times of biomass sampling. The rho values for the relationships ranged from 0.753 to 0.953. The highest values were between the LAI and the plant biomasses.
Therefore, regression models used to relate LAI and the plant biomasses. There were a logarithmic relationship between them as presented in Figure 4 . As observed in Figure 5b , the NDVI values tended to be saturated when the LAI values increased. Conforming results for saturation of NDVI with increasing plant biomass were reported by many researchers such as: for wheat [30] and for maize [31] . They concluded that visible-and red light-based indices, such as the NDVI, tended to be saturated with increasing crop stand density due to a decreased sensitivity of the spectral signal. Therefore, the red edge inflection point (REIP) and several NIR/NIR indices have been proven to offer more reliable signals in high biomass-producing areas like Europe [32, 33] .
The results obtained in the current study confirm their conclusion. As shown in Figure 5c and d, the NDRE and REIP had less saturation effect; they also were better related to the LAI than the NDVI.
d. Vegetation indices obtained from the digital image analysis
Among the RGB-based indices that were calculated using the image processing in this study, CC, Gm, GMB, RMB, NRMB were better related to the LAI. The regression analysis results showed that logarithmic equations can better relate the indices to the LAI. Table 4 presents the regression models and their R 2 and RMSE using the data of whole the growing season for each index. In As it is observed in Figure 5 , for most of the indices used in this study (including EB, NDRE, REIP, Gm, GMB, RMB, and NRMB), the strongest relation of the indices with the LAI was achieved at the growth stage heading (week 21 of the year). Regression analysis of the plant height and the measured LAI indicated that the height measurements cannot be used to estimate the LAI directly. However, the index Estimated Biomass (EB) which was calculated by multiplying the height and crop coverage derived from image processing showed remarkable relation with LAI. The EB had low saturation for the higher values of the LAI indicating that it can be a good estimator of the plant property. Therefore, a combined sensing approach consist of a sensor system for measuring the plant height (like Ultrasonic sensing systems) and a digital camera can be a real time solution to monitor the LAI in large fields for practical agricultural management.
The vegetation indices which use the red edge region of the electromagnetic spectrum, like NDRE and REIP seems to be convenient predictors of the LAI as proved by their strong logarithmic relation with the LAI. They also had less saturation effect for higher values of the LAI in comparison with the NDVI.
The digital image processing as a low cost approach showed a potential for estimation of the LAI.
According to the results obtained, the RGB-based indices GMB, RMB, and NRMB had less saturation at higher LAI values and stronger relation with the LAI than the other indices calculated in this research. Digital cameras present some practical advantages such as: they are affordable devices to acquire field information, the measurement protocol is relatively simple to follow, the processing of digital photographs can be done in an automated manner with relatively little effort, and the recorded images can be stored on a computer for later review. The protocol can also be used in smartphones to provide a portable, simple and inexpensive approach to estimate the LAI.
The investigations over time showed that for most of the sensing approaches, during the growth stage heading, the strongest relations with the LAI was achieved.
